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Abstract

This study presents a performance and techno-economic evaluation of a 24 kWp grid-
connected rooftop photovoltaic system in Yesilova, Burdur, Tiirkiye, based on measured
operational data from 2024. Beyond conventional software comparisons, this research es-
tablishes a validated benchmarking protocol for medium-scale rooftop PV systems by
quantifying the divergence between measured data and predictive modeling under fluc-
tuating seasonal conditions. Measured results were compared with energy yield predic-
tions from PVsyst and HelioScope. Key performance indicators, including final yield, per-
formance ratio (PR), and capacity factor, were evaluated alongside main loss components.
The system produced an annual energy output of 33,977.5 kWh, corresponding to an av-
erage PR of 75.7% and a capacity factor of 16.99%. Simulation results show deviations
from measured values, with PVsyst moderately overestimating and HelioScope underes-
timating the annual yield. Thermal effects were identified as the dominant contributor to
performance losses, particularly during elevated summer temperatures. A techno-eco-
nomic assessment indicates a payback period of 8.4 years, a levelized cost of electricity
(LCOE) of 0.0485 US$/kWh, and an internal rate of return (IRR) of 15.58%. These findings
underline the importance of validating simulation-based assessments with site-specific
measurements to improve the reliability of photovoltaic system performance and invest-
ment evaluations.

Keywords: grid-connected photovoltaic system; measured performance analysis;
performance ratio; PVsyst; HelioScope; rooftop solar PV

1. Introduction
1.1. Solar Energy Outlook in Tiirkiye: Potential, Current Status, and Strategic Objectives

The persistent growth in global energy demand, coupled with the urgent need to
decarbonize energy systems, has positioned solar PV technology at the core of contempo-
rary energy transitions [1-3]. Continuous cost reductions, supportive policy frameworks,
and international climate commitments have significantly accelerated global PV deploy-
ment. According to the International Energy Agency Photovoltaic Power Systems Pro-
gramme (IEA-PVPS), cumulative installed solar PV capacity reached approximately 1.6
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TW by the end of 2023 and exceeded 2.2 TW in 2024, representing the fastest expansion
among all electricity generation technologies [3,4].

Within the European Union, the contribution of solar PV to the renewable electricity
mix has intensified substantially. In 2024, wind and solar energy together accounted for
nearly 30% of total electricity generation, surpassing fossil fuel-based generation for the
first time. Solar PV alone contributed approximately 13% of total electricity production at
the EU level [5]. At the national scale, even more pronounced structural shifts are ob-
served, with solar electricity shares exceeding 20% in countries such as Hungary, Greece,
and Spain [6]. These developments illustrate the consolidation of decentralized and re-
newable-oriented electricity systems across Europe.

In this global and regional context, Tiirkiye occupies a strategically advantageous
position within the Mediterranean solar belt. Official statistics from the Ministry of Energy
and Natural Resources (MENR) indicate an average annual global solar irradiation of ap-
proximately 1527.46 kWh/m? and an average annual sunshine duration of about 2741 h
[7,8]. These values exceed those of many European countries, offering favorable condi-
tions for high specific yields in PV installations.

The restructuring of Tiirkiye’s electricity sector is primarily driven by the objective
of reducing dependence on imported fossil fuels. By early 2026, total installed capacity
had reached approximately 122.5 GW [9]. Although coal and natural gas still account for
roughly 35-38% of electricity generation, renewable energy sources represent more than
62% of total installed capacity [10]. Among these, solar PV has demonstrated the fastest
growth, surpassing 24.8 GW and constituting nearly 20% of total installed capacity [11].

To further accelerate renewable deployment, Tiirkiye has implemented the Renewa-
ble Energy Resource Zone (YEKA) framework, which promotes large-scale projects
through competitive auctions designed to enhance cost efficiency and attract private-sec-
tor investment [12]. The 2035 Energy Roadmap establishes a strategic target of achieving
120 GW of cumulative installed wind and solar capacity [13]. In parallel, the Turkish Na-
tional Energy Plan (2020-2035) aims to increase installed solar PV capacity to 52.9 GW by
2035, in alignment with the 2053 net-zero emissions objective [14,15]. Achieving these tar-
gets will require sustained annual capacity additions, grid infrastructure expansion, en-
hanced system flexibility, and advanced operational strategies to manage the increasing
penetration of variable renewable energy sources.

Beyond capacity expansion, ensuring the technical reliability of PV systems is equally
critical. As solar penetration increases, accurate performance prediction, validation
through field measurements, and robust loss analysis become essential for long-term en-
ergy planning and investment security. In the last five years, research focusing on the gap
between theoretical modeling and real-world performance has intensified, particularly for
medium-scale installations. For instance, Ates and Singh (2021) evaluated a 30 kWp roof-
top system in Western Turkey (Mediterranean climate) and demonstrated that while sim-
ulations align well with annual trends, seasonal deviations in PR can reach significant
levels due to localized thermal effects [16]. Similarly, Dindar et al. (2022) conducted a com-
parative sensitivity analysis of 25 kW systems using PVsyst, PV*SOL, and Solarius, find-
ing that software-to-software discrepancies in energy yield can vary between 5-7%, em-
phasizing the need for empirical validation against measured field data [17]. Furthermore,
recent studies in Mediterranean coastal regions, such as the analysis of grid-connected
systems in Alexandria, have highlighted that temperature-induced losses often exceed
simulation-based projections by 2—-4% during peak summer months [18]. Recent research
has therefore shifted toward integrated and optimization-oriented approaches addressing
high renewable penetration in distribution networks. These efforts can be broadly catego-
rized into three main research directions: (i) urban PV potential and placement

https://doi.org/10.3390/en19061468


https://doi.org/10.3390/en19061468

Energies 2026, 19, 1468

3 of 35

optimization, (ii) microgrid and energy management system (EMS) architectures with ad-
vanced monitoring, and (iii) power quality enhancement and PV power-fluctuation miti-
gation.

For example, Villa-Avila et al. [19] proposed the “Roof-Solar-Max” methodology, in-
tegrating 3D GIS modeling and Solar Prospet software to optimize rooftop PV placement
in complex urban geometries. Their approach enabled accurate quantification of solar self-
consumption potential by identifying high-irradiance zones (>1450 kWh/m?). Similarly,
Benavides et al. [20] demonstrated that IoT-based EMS platforms can enhance microgrid
stability and power quality through real-time monitoring and automated energy flow
management.

While these optimization and supervisory strategies provide advanced architectural
solutions, the empirical benchmarking of medium-scale PV systems against widely used
industry-standard simulation tools remains comparatively underexplored. Most existing
literature in Mediterranean climates either focuses on large-scale utility plants in the MW
scale [18] or strictly theoretical assessments providing software-to-software comparisons
[17,21]. While some recent studies have begun incorporating measured data for medium-
scale systems [16], there is a notable lack of studies that perform a ‘triangulated’ evalua-
tion combining long-term measured operational data, dual-software simulation (PVsyst
vs. HelioScope), and multi-dimensional loss decomposition for a 20-40 kW capacity
range. In particular, systematic validation of simulated outputs with long-term measured
field data is essential for strengthening confidence in planning tools and reducing uncer-
tainty in performance projections.

1.2. Objectives of This Study

Grid-connected PV systems in the existing literature can generally be classified into
three main categories: measurement-based performance evaluations, simulation-based
analyses, and techno-economic assessment studies. Despite the aforementioned progress
in predictive control and automated monitoring architectures, a significant research gap
persists in the quantitative assessment of discrepancies between actual field measure-
ments and simulation-based predictions (e.g., PVsyst and HelioScope) for medium-scale
rooftop systems in the Mediterranean climate. The specific contribution of this study lies
in its focus on the 24 kWp threshold —a common scale for commercial and agricultural
rooftops in the Mediterranean belt—where high ambient temperatures and specific dust
patterns often deviate from standard meteorological datasets (e.g., Meteonorm or NASA-
SSE) [22,23]. Furthermore, the prolonged arid periods characteristic of the Mediterranean
climate exacerbate soiling losses, significantly affecting the annual Specific Yield and PR;
yet, the precise quantification of these losses in medium-scale systems remains incon-
sistent across standard simulation platforms [16,21]. Unlike previous studies that rely on
a single simulation tool, this research cross-validates PVsyst and HelioScope against one
full year of high-resolution measured data (2024), providing a more granular understand-
ing of loss mechanisms such as temperature-related degradation [16,24] and inverter clip-
ping [17] in this specific climatic context. Accurate and reliable planning of solar PV tech-
nologies is of critical importance for maximizing technical performance and ensuring eco-
nomic sustainability. During system design and planning stages, advanced simulation
tools such as PVsyst [25] and HelioScope [26] are widely employed to predict energy gen-
eration potential and analyze system losses. Although these software tools have under-
gone significant development over time, uncertainties in meteorological datasets, model-
ing assumptions, and site-specific environmental conditions can still lead to considerable
discrepancies between simulated outputs and actual operational measurements [27,28].
These discrepancies directly affect the reliability of key performance indicators, including
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PR, specific energy yield, and capacity factor, thereby introducing uncertainty into invest-
ment decision-making processes.

Simulation-based studies indicate that average specific energy yield and capacity fac-
tor values are typically underestimated by approximately 3-10% compared to measured
data from installed systems [29,30]. Measurement-based studies reflecting real operating
conditions generally report PR values ranging from 73% to 85% [30-32]. In studies con-
ducted in Mediterranean and temperate climates, average PR values are typically re-
ported between 67% and 82%, with seasonal peak values exceeding 90% during winter
periods [33,34]. Within the same climatic regions, capacity factor values are most fre-
quently reported within the range of 15-18% [35,36].

Techno-economic analyses conducted using tools such as PVsyst, HOMER, and RET-
Screen demonstrate that the payback periods of grid-connected PV systems are generally
shorter than 5-10 years. Furthermore, system sizing and local electricity tariff structures
are identified as the dominant factors influencing economic feasibility [37-39]. However,
comprehensive studies simultaneously evaluating measured operational data, simula-
tion-based performance predictions, and techno-economic indicators for the same PV in-
stallation remain limited in Tiirkiye. In particular, there is a significant research gap re-
garding quantitative assessments of inconsistencies between simulated and measured re-
sults for medium-scale grid-connected PV systems, especially in terms of PR, specific en-
ergy yield, and major loss components, including irradiance-related losses, temperature
effects, soiling, ohmic losses, and inverter losses.

In this context, the present study provides a comprehensive performance evaluation
of a 24 kWp grid-connected PV system installed in a region of Tiirkiye characterized by
high solar energy potential. Measured energy production, solar irradiance, and ambient
temperature data covering the period from January to December 2024 were utilized to
evaluate the prediction accuracy of PVsyst (ver.7.2.4) and HelioScope (Aurora Solar, San
Francisco, CA, USA; accessed in 2024) simulation software. The primary objectives of this
study are:

to quantify deviations between measured and simulated performance indicators, in-
cluding PR, array yield, and final yield;

to determine the relative contributions of major loss mechanisms in percentage
terms;

to assess the techno-economic feasibility of the system through comparison with find-
ings reported in the existing literature.

The methodological approach adopted in this study follows a structured sequence
beginning with system characterization and data acquisition, followed by simulation-
based performance assessment, loss component decomposition analysis, and techno-eco-
nomic evaluation. The overall methodological framework is summarized in the flowchart
presented in Figure 1.
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Figure 1. Flowchart.

2. Materials and Methods
2.1. Site and System Design Parameters for Installed PV Array

A 24 kWp grid-connected solar PV system, consisting of 60 solar PV modules, each
with a surface area of 2 m? (total installed area of 120 m?), was installed on the rooftop of
a building in Yesilova, Burdur, Tiirkiye (37.29° N; 29.48° E) (Figure 2).

o B W :
: Ll aNy
< NN

Figure 2. Location map of Yesilova and a rooftop view of the building on which the PV array is
installed. (Map: https://solargis.com/resources/free-maps-and-gis-data?locality=europe (accessed
on 17 February 2025), as modified by author).

The system configuration is illustrated in Figure 3, where each string consists of
twenty modules connected in series, and three such strings are arranged in parallel. The
PV array is installed at a tilt angle of 8°, corresponding to the site’s latitude, in order to
maximize solar irradiance capture.
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Figure 3. Layout of 24 kWp solar PV system.

The PV system was configured with an array of 60 PV modules (CWT400-72PM-BC,
CW, Antalya, Tiirkiye) and a three-phase 24 kW string inverter for DC-AC conversion
(SUN2000-25KTL-ZHM5-380V, Huawei, Shenzhen, China). The detailed technical speci-
fications of the PV modules and the inverter used in this study are presented in Table 1.

Table 1. Technical specifications of the main components.

Component Technical Specifications
Model: CWT400-72PM-BC, CW
Rated capacity: 400 W
Panel type: monocrystalline-Si
Open circuit voltage (Voc): 49.83 V
Short circuit current (Isc): 10.38 A
Power tolerance: 0~+5 W
Module efficiency: 20.06%
Lifetime: 25 years
Model: SUN2000-25KTL-ZHM5-380V, Huawei
Rated capacity: 25 kW
Rated AC output current: 38 A
Grid connection form: 3-Phase
Max. efficiency: 98.50
Number of MPPT inputs: 2
Transformer: Transformerless

PV Panel

Inverter

Lifetime: 15 years

In this study, the performance of a 24 kWp grid-connected PV system was assessed
using a four-step methodology. First, operational data were manually extracted from the
monitored PV system. Second, the system performance was simulated using the PVsyst
software. Third, an independent performance simulation was carried out using Helio-
Scope. Finally, the measured performance of the PV system was compared with the pre-
dicted results obtained from PVsyst and HelioScope.

The technical performance evaluation of the 24 kWp grid-connected PV system relies
on high-fidelity, site-specific climate data. Meteorological parameters, including global
horizontal irradiance (GHI), wind speed, relative humidity, and precipitation, were ob-
tained from a local weather station situated in the Yesilova district of Burdur, Tiirkiye. To
ensure maximum reproducibility and capture high-frequency fluctuations, GHI was
measured directly on-site at one-minute sampling intervals using a calibrated Delta-T De-
vices (e.g., model SPN1) pyranometer.

https://doi.org/10.3390/en19061468
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To monitor environmental conditions, ambient air temperature and PV cell temper-
ature were recorded at 15-min intervals using a dedicated data logger (DL2e, Delta-T De-
vices, Cambridge, UK) equipped with high-precision PT100 sensors (RS Group plc, Lon-
don, UK). compliant with IEC 60751 Class A standards [40]. In accordance with the IEC
61724-1 monitoring standard [41], these sensors, characterized by an accuracy range of
0.1-0.3 °C and high long-term stability, were utilized to minimize measurement uncer-
tainty at the source. Both ambient and surface temperatures were consistently monitored,
and hourly averages were subsequently calculated for the period between 06:00 and 18:00
throughout the monitoring campaign, following the methodology described in [42].

To maintain compatibility with the PVsyst and HelioScope simulation engines, these
high-resolution datasets were aggregated into hourly averages for the annual perfor-
mance modeling. This processing step ensures temporal alignment between the empirical
field measurements and the hourly simulation algorithms used by the software tools,
providing a robust and high-fidelity baseline for the subsequent validation of energy yield
and loss mechanisms.

To ensure data integrity, a standard multi-stage preprocessing procedure was fol-
lowed. Initially, physical limit filters were applied to identify and exclude outliers, such
as irradiance values exceeding 1.2 times the extraterrestrial irradiance, in accordance with
the quality assessment criteria proposed by Long and Dutton [43]. Minor data gaps
(shorter than 1 h) were resolved using linear interpolation, while any intermittent longer
gaps were supplemented with synchronized datasets from the PVGIS database to main-
tain a continuous and representative annual profile for 2024. All measurements were
standardized to Local Standard Time (LST) to ensure synchronization with the simulation
tools.

Furthermore, to characterize the impact of PV input variability on system perfor-
mance, days were classified based on the Daily Clearness Index (K:) according to the
thresholds established by Muneer [44], distinguishing between ‘clear-sky” (K: > 0.7) and
‘partly cloudy’ conditions. The analysis incorporated variability indicators such as the
Ramp Rate (RR), following the methodology described by Hoff and Perez [45] calculated
at 1-min resolutions. The maximum observed ramp rate reached 420 W/m? min during
transitional weather conditions, particularly in the spring months. The maximum ob-
served ramp rate reached 420 W/m?2 min during transitional weather conditions, particu-
larly in the spring months. This value represents the peak variation in Global Horizontal
Irradiance (GHI) and was derived by identifying the maximum absolute difference be-
tween consecutive 1-min readings, defined as [45,46],

RR,,,, = max|GHI, — GHI,_,| (1)

In this expression, RRmax represents the maximum observed solar ramp rate (W/m?
min), while GHI: and GHI1 denote the global horizontal irradiance measured at the cur-
rent and immediately preceding one-minute intervals, respectively. The use of the abso-
lute difference ensures that both sudden cloud-induced drops and rapid clear-sky in-
creases are captured. This phenomenon typically occurs during cloud-edge effects or
rapid clearing in transitional seasons, aligning with Mediterranean climatic profiles where
sudden shifts (such as a drop from 900 W/m? to 400 W/m?) are physically observed within
a single minute. Thus, it provides a strong empirical basis for the assessment of variability-
induced losses and performance fluctuations. Additionally, the PV modules were
mounted on a metal support structure at a tilt angle of 8°, oriented southward (0° azi-
muth), and were cleaned at ten-day intervals to mitigate performance degradation asso-
ciated with soiling.
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Simulation Environment and Technical Configuration

To ensure a high-fidelity comparison between the empirical results and simulation
outputs, standardized technical parameters were defined across both PVSyst and Helio-
Scope platforms. These settings were selected to reflect the specific operational environ-
ment of the 24 kWp system in Yesilova. A constant albedo of 0.2 was assumed for the
surrounding terrain, and a soiling loss factor of 3% was applied based on the ten-day
cleaning cycle mentioned previously. The thermal behavior was modeled using a loss co-
efficient of 20 W/m?2K, consistent with rear-ventilated rooftop installations. Near-shading
conditions were integrated via 3D scene modeling of the rooftop, while the horizon was
considered unobstructed. The detailed configuration parameters used in the annual en-
ergy modeling are summarized in Table 2.

Table 2. Technical parameters and loss configurations used in PVsyst and HelioScope simulations.

Parameter Value/Assumption
Albedo Coefficient 0.2 (Standard for mixed environments)
Soiling Loss 3.0% (Annual average)

Thermal Loss Coefficient (Uc) 20 W/m?K (Fixed-mounting, ventilated)

Module Mismatch Loss 2.0%
Ohmic Wiring Loss (DC/AC) 1.5%/1.0%
LID (Light Induced Degradation) 2.0%
Horizon Profile Free-horizon (0° elevation)

Near-shading based on 3D geometry

Shading Conditions (No far-shading)

2.2. Performance Parameters

In PV power plants, energy losses are unavoidable and originate from various
sources. These losses may result from environmental conditions such as operating tem-
perature, soiling, and ambient humidity [47,48], as well as from system components and
electrical interconnections, including inefficiencies in maximum power point tracking
(MPPT), module mismatch, inverter losses, and ohmic losses in cabling [49,50]. To sys-
tematically evaluate the operational performance of the PV plant and to quantify the con-
tribution of different loss mechanisms, the performance parameters were calculated in
accordance with the IEC 61724-1 standard, which establishes the methodology for as-
sessing energy yield, system losses, capacity factor, and PR under real operating condi-
tions [41].

2.2.1. Array Yield

Array yield defines the ratio of energy generated by the array as direct current to the
nominal rated power of the PV plant. It represents how many hours a day the array oper-
ates at maximum power to generate energy. It is calculated as [51]:

Edc

Y, =
Prated

)

where Ya: array yield (h/d), Ea: dc electricity generation of the array (kWh/d) and Pratea: the
rated power of the PV plant (kWp).

2.2.2. Reference Yield

Reference yield is required in terms of hours needed at the reference irradiance level
to obtain instantaneous irradiation. Reference yield is calculated theoretically as [51]:
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Y, - 3
r— GO ( )
where Yr reference yield (h/d), H: the solar irradiation on the module plane (kWh/m?-d)

and Go: the irradiation corresponding to the Standard Test Condition (STC) (1000 W/m? at
25 °Q).

2.2.3. Final Yield

The final yield is the ratio of generating energy from the PV plant as net AC energy
to the rated power of the PV plant at STC [51].

E
Y= —2 4
f Prated ( )

where Y7 final yield (h/d) and Ea«: AC electricity generation (kWh/d).

2.2.4. Performance Ratio
The PR (%) quantifies the cumulative impact of all system losses on the PV installa-

tion and serves as an indicator of how closely the system operates relative to an ideal, loss-
free PV system [52]. It is expressed as follows:

PR= Ut 5
-y )

The acceptable range of PR of the grid-connected PV system varies from 60 to 80%
[53].

2.2.5. Capacity Factor

The capacity factor (CF, %) represents the proportion of the energy generated by a
power plant over a defined period relative to its theoretical maximum energy output un-
der continuous full-capacity operation. For most power plants, typical capacity factor val-
ues generally fall within the range of 10% to 25% [54].

Eac

F - e
P x24%30 (©)

2.2.6. Inverter Efficiency

Inverter efficiency is expressed as the ratio of the AC energy supplied to the grid to
the DC energy produced by the PV array. It can be calculated as follows [49]:

EaC
e ™ @)

2.2.7. System Efficiency

The overall efficiency of a PV system is the measurement of how much of the availa-
ble solar energy is converted into usable AC electrical energy. It is defined as the ratio of
AC energy supplied to the grid to the solar energy coming to the module plane, and is
calculated as [55]:

Eac
Neyst ™ Hy x Apy ®)

where Arv: the total area of the PV array (m?).
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2.2.8. Thermal Capture Loss

Thermal capture losses refer to the energy losses resulting from PV cell temperatures
exceeding the standard reference value of 25 °C. These losses are quantified as the differ-
ence between the reference yield and the temperature-corrected reference yield and can
be expressed as follows [42].

LCT =Yr - Ycr (9)

where Lcr represents the thermal capture losses, expressed in hours per day (h/d).

To account for the impact of module operating temperature on power output under
real operating conditions, the temperature-corrected reference yield is defined as follows
[56]:

Ycr = Yr[1 + Y(Tcell - Tref)] (10)

where v denotes the module maximum power temperature coefficient (1/°C), Tcen repre-
sents the average cell temperature (°C), and Tt is the reference cell temperature, set to 25
°C. The average cell temperature can be calculated using Equation (10) [24].
NOCT - 20

— )G

800 (n

Tcell = Tair"’ (

where Tei denotes the cell temperature (°C) and Tair represents the ambient temperature
(°C). NOCT denotes the nominal operating cell temperature defined under standard ref-
erence conditions of solar irradiance G = 800 W/m? an ambient temperature of 20 °C, and
a wind speed of 1 m/s.

2.2.9. System Loss

System losses encompass all energy losses that occur throughout the process of con-
verting the DC energy generated by the PV array into usable AC energy. These losses can
be quantified as follows [57]:

Ls=Y, — Y; (12)

where Ls represents the system loss, expressed in hours per day (h/d).

2.2.10. Miscellaneous Capture Loss

Losses arising from low irradiance levels, shading effects, dust deposition on mod-
ules, mismatch, and wiring are grouped as miscellaneous capture losses. These losses are
determined by subtracting the array yield from the corrected reference yield, as expressed
in Equation (13) [58]:

Lem= Ycr - Ya (13)

where Lem represents the miscellaneous capture loss, expressed in hours per day (h/d).

Shading Loss

The output power of PV modules significantly decreases due to partial or complete
shading on the module surface. In polycrystalline silicon modules, bypass diodes are in-
tegrated to mitigate such efficiency losses caused by shading and to prevent the formation
of hot spots [53]. Furthermore, shading losses occur due to distant objects on the horizon,
particularly during sunrise and sunset when the sun is at a low elevation. These shading
losses are directly dependent on the solar position, which is primarily defined by the solar
altitude angle (a) and the azimuth angle (y), as illustrated in Figure 4.
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Figure 4. Schematic illustration of the solar position (altitude and azimuth angles), shading effects
on a PV module, and the role of bypass diodes in mitigating power losses and hotspot formation.

Source: Author-generated.

Soiling Loss

Dust accumulation on the surface of PV modules adversely affects overall efficiency
and energy yield. According to the literature, annual losses due to soiling vary between
1.5% and 6.2%, depending on the geographical location of the PV plant [49]. Generally,
soiling loss factors are accepted as 2% for low-pollution environments and 8% for high-
pollution conditions [59].

The calculation of soiling loss (St) based on short-circuit current comparison is a well-
established procedure in the literature [60—-64]. As described in the methodology, this ap-
proach provides a reliable metric for assessing the degradation of optical transmittance
caused by surface contamination (Equation (14)) [60].

s.= [1 ~ Josoiea ] x 100 (14)
Isc, cleaned

where Si denotes the soiling loss percentage (%), Iscsoiled represents the short-circuit current

measured under soiled surface conditions (A), and Iscceaned corresponds to the short-circuit

current of the same PV module after being thoroughly cleaned (A).

In this study, power losses resulting from dust accumulation were quantified using
measured field data. The maximum voltage (Vm) and maximum current (Im) values of both
clean and soiled reference modules were measured simultaneously with solar irradiance.
Data collection was conducted daily at solar noon (12:00) over a period of 10 consecutive
days. Following this 10-day observation period, the PV modules were regularly cleaned
to mitigate soiling losses and restore performance levels.

Mismatch Loss

Mismatch losses occur when PV modules with non-identical current-voltage (I-V)
characteristics are integrated into a single array, resulting in a total power output that is
less than the theoretical sum of the individual modules’ capacities [65]. Even modules
from the same manufacturer and rating may exhibit these discrepancies due to inherent
variations in the manufacturing process and batch-to-batch differences [66]. Conse-
quently, these electrical inconsistencies lead to a significant reduction in the overall effi-
ciency of the PV system, a phenomenon formally defined as mismatch loss [67].

Ohmic Loss

Ohmic losses in PV systems represent the power dissipation resulting from the elec-
trical resistance encountered by the charge carriers within the cell and the external cir-
cuitry. This phenomenon is primarily attributed to the resistance of the bulk
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semiconductor material, the contact resistance between the semiconductor and metal elec-
trodes, and the cumulative resistance of the busbars and interconnecting cables. The
power loss due to Ohmic resistance is expressed in Equations (15) and (16):

Pomic = I ¥ R, (15)

R (16)

s=P A
where Ponmic denotes the power dissipation in Watts (W), I represents the operating current
of the PV module in Amperes (A), and Rscorresponds to the total series resistance of the
system expressed in Ohms (€2), as shown in Equation (15). This relationship underscores
the critical impact of series resistance on the overall fill factor and conversion efficiency of
the PV device [68,69].

Furthermore, Ohmic losses in PV installations are directly proportional to the total
conductor length, as extended cable distances enhance electrical resistance within the DC
circuitry. In the present study, the DC wiring consists of a copper conductor with a cross-
sectional area (A) of 4 mm? and a single-run length (L) of 36.17 m. To determine the asso-
ciated resistive losses, the electrical resistivity of copper (o) was taken as 1.68 x 10 QQ.m
[70].

2.3. Economic Parameters
2.3.1. Levelized Cost of Energy

Levelized Cost of Energy (LCOE) is defined as the ratio between the life-cycle cost of
the PV system to the whole-life produced energy [71] as shown in Equation (17).

Life Cycle Cost (LCC)
Life Cycle Energy produced (LCE)

LCOE= (17)

Life cycle cost (LCC) is an analytical approach used to estimate the total cost of a
project over its entire lifetime, taking into account initial investment costs, fuel expendi-
tures, operation and maintenance costs, repair and replacement costs, residual value, fi-
nancing charges, and other relevant economic considerations. The life cycle cost can be
determined using Equation (18) [72].

LCC=C +Comr + Crep +Co — Chres (18)

This cost is influenced by several factors such as investment cost (C1), operating cost,
maintenance and repair (Comr), replacement cost (Crep), other costs (Co), and residual value
(Cres).

The Life Cycle Energy (LCE) produced can then be calculated on an annual basis and
discounted with r, as shown in Equation (19).

AEPx (1 - dbi

= n
LCE= 25 —a—m

(19)

Here, AEP denotes the expected annual energy production over the projected life-
time of the system, while r represents the interest rate. As the system ages, its power out-
put gradually decreases; therefore, a degradation factor (df) is incorporated to provide a
more accurate estimation of long-term energy generation [73].

2.3.2. Net Present Value

Net Present Value (NPV) represents the difference between the present value of in-
coming cash flows and outgoing cash flows over a specified period [71]. A positive NPV
indicates a financially viable investment, whereas a negative NPV suggests a potential net
loss. The NPV is calculated [74] using Equation (20):
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t Gi

NPV = —Co+ Xie1 oy

(20)

Here, Co represents the initial investment cost, Ci denotes the annual cash flows, r is
the discount rate, and t corresponds to the system’s total operational lifetime expressed in
years.

2.3.3. Return on Investment

Return on Investment (ROI) represents the proportion of the net economic gain gen-
erated by a system relative to the total capital invested. It is typically expressed as a per-
centage (%) and serves as a key indicator for assessing the economic feasibility and finan-
cial performance of PV system investments. The ROI can be calculated as follows [75]:

NetProfit(Total Economic Benefit — Total System Cost) 1
X

21
Total Investment Cost 00 @)

ROI =

where Net Profit represents the difference between the total economic benefits generated
by the PV system (such as electricity cost savings or revenues from energy sales) and the
total system costs over the assessment period. The Total Investment Cost includes the in-
itial capital expenditure (CAPEX) and, when applicable, operation and maintenance costs.

2.3.4. Sensitivity Analysis and Economic Assumptions

The economic viability of the 24 kWp grid-connected PV system was evaluated using
a robust financial framework designed to ensure the reliability of life-cycle cost indicators.
A real discount rate of 10% was adopted as a proxy for the Weighted Average Cost of
Capital (WACC) typically observed in the Turkish renewable energy sector. This rate ac-
counts for the country-specific risk premium, the cost of equity, and the opportunity cost
associated with distributed generation investments. To maintain rigorous internal con-
sistency, all financial evaluations were conducted in real terms (constant prices). By uti-
lizing a real discount rate, the analysis inherently neutralizes the distorting effects of long-
term inflation on cash flows. Meanwhile, an underlying annual inflation rate of 2% was
assumed for operational and maintenance expenses, aligning with International Energy
Agency (IEA) benchmarks.

To further enhance the practical value and decision-making utility of the study, a
comprehensive sensitivity analysis was performed to quantify the impact of inherent un-
certainties in key technical and economic parameters on the Levelized Cost of Electricity
(LCOE) and Net Present Value (NPV). Within this scope, the discount rate was varied
between 8% and 12% to reflect potential fluctuations in the cost of capital and macroeco-
nomic stability, while the feed-in tariff was simulated with a +£20% variance to account for
potential regulatory shifts in self-consumption incentives and grid-sell rates in Tiirkiye.
Furthermore, the annual degradation rate was adjusted within a range of 0.4% to 0.8% —
against a baseline of 0.5% —to evaluate long-term performance risks associated with the
high ambient temperatures of the Mediterranean climate, which may accelerate the ther-
mal aging of PV modules. This multi-parametric approach ensures that the economic find-
ings provide a risk-aware perspective for stakeholders and investors rather than remain-
ing as static projections. The results of the sensitivity analysis revealed that while the
LCOE is most sensitive to variations in the discount rate, the payback period is primarily
influenced by fluctuations in the feed-in tariff.

2.4. Simulation by PVSyst Software

PVSyst is a widely used simulation software for the performance analysis of PV sys-
tems. It enables the estimation of system losses, energy yield, and PR, thereby supporting
comprehensive technical and economic assessments of PV installations. The performance
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simulation of the grid-connected PV system, conducted via PVSyst software, indicates
that the maximum power output is achieved in July, whereas the minimum occurs in De-
cember (Table 2). Owing to a higher array yield of 4689 kWh in July, the energy supplied
to the grid peaked at 4417 kWh; conversely, the lower array yield of 1793 kWh in Decem-
ber resulted in a minimum grid injection of 1690 kWh. The annual total horizontal irradi-
ation was calculated at 1800.2 kWh/m?, slightly exceeding the measured value of 1603.7
kWh/m?2 while the total incident energy on the collector plane was determined to be 1908.2
kWh/m?. The total annual energy generation from the PV panels was found to be 39,154
kWh, and the total energy supplied to the grid was 36,049 kWh, which is marginally
higher than the recorded measurement of 33,977.50 kWh. Annual ohmic losses and other
systemic losses were quantified at 562.94 kWh and 852.2 kWh, respectively. Consequently,
the estimated average PR of the system was calculated as 78.7%, surpassing the empirical
measurement of 75.7%.

An analysis of the system’s energy production profile indicates that daily energy out-
put reaches maximum values of approximately 170 kWh during June and July, while de-
clining to seasonal minimum levels in the November—-December period (Figure 5). This
trend reflects a typical solar irradiance and energy production pattern for a region located
in the Northern Hemisphere. Nevertheless, the daily production curve is characterized by
pronounced high-frequency fluctuations rather than a smooth, idealized trajectory.

180 T T T T T T T T T T T
Il Energy supplied to the grid

160 [ i
T 140 - (uh 1
=
< 120 r 1 b
=
g 100 -
55 80 -
b
Y
& 60
)
&
=) 40

20 ¢

0
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Month

Figure 5. Daily system energy output predicted by PVSyst.

In particular, the abrupt production drops and sharp variations observed during
March, April, and May highlight the instantaneous impact of short-term variability in lo-
cal meteorological conditions on PV system performance. Moreover, it is plausible that
part of this variability may originate from the quality and resolution of the meteorological
input data.

The PVsyst simulation framework provides a statistical assessment that extends be-
yond single-year energy yield predictions by explicitly accounting for long-term uncer-
tainties. Each data point in the daily production profile corresponds to the P50 scenario,
representing the most probable energy yield. For investment and risk assessment pur-
poses, P90 values, defined as the energy level expected to be exceeded with a 90% proba-
bility, are also calculated. As the dispersion of daily production values increases, the un-
certainty associated with annual energy yield estimates correspondingly rises, directly
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influencing financial risk evaluations. In this context, the high variability observed during
the March-May period may be considered a relatively high-risk interval for investors and
should therefore be carefully incorporated into cash flow projections.

Accordingly, the daily energy production profile generated by PVsyst serves not only
as a performance indicator, but also as a strategic diagnostic tool that reflects both design
quality and exposure to environmental risks. The pronounced production drops observed
during the spring months further suggest the need to reassess site-specific operation and
maintenance strategies to mitigate performance variability.

Conversely, an examination of the July and August period reveals that, despite the
highest levels of solar irradiance, daily energy outputs occasionally remain below the peak
values observed in April. This phenomenon can be attributed to thermal-induced perfor-
mance degradation, whereby elevated ambient and cell temperatures reduce module ef-
ficiency. Increasing cell temperatures diminish conversion efficiency even under high-ir-
radiance conditions, thereby partially suppressing the expected summer production
gains.

In the context of Tiirkiye’s climatic conditions, particularly in the Mediterranean re-
gion where the system is installed, thermal performance degradation effects are especially
pronounced due to the simultaneous occurrence of high solar irradiance and elevated am-
bient temperatures during the summer months. Several studies focusing on PV system
performance in Tiirkiye have reported that module operating temperatures frequently ex-
ceed 60 °C under peak summer conditions, resulting in substantial power losses associ-
ated with the negative temperature coefficients of crystalline silicon modules [76,77]. Un-
der these conditions, the energy gains from increased irradiance are partially or even fully
offset by temperature-induced efficiency reductions. Consequently, thermal derating
emerges as a critical performance-limiting factor for grid-connected PV systems in Tii-
rkiye and should be explicitly incorporated into system design considerations, technology
selection, and long-term energy yield and risk assessments.

The operational losses of the system are detailed in Figures 6 and 7 and Table 3, in
accordance with the PVSyst outputs. The normalized production analysis indicates that
the capture losses stand at 0.76 h/d, while the system losses are at the level of 0.35 h/d. In
light of these parameters, the final energy yield of the system was recorded as 4.12 h/d.
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Figure 6. Predicted loss by PVSyst.
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Figure 7. Normalized Energy Production per Installed kWp for the 24 kWp PV System.

https://doi.org/10.3390/en19061468


https://doi.org/10.3390/en19061468

Energies 2026, 19, 1468

17 of 35

Table 3. Meteonorm-Based Performance Balances and Key Results.

Month GlobHor Tamb Globlnc Earray Egrid OhmLoss MisLoss InvLoss PR
(kWh/m?) (°O) (kWh/m?) (kWh) (kWh) (kWh) (kWh) (kWh) (%)

Jan 75.1 3.39 88.5 1916 1804 17.87 41.5 104.5 84.9
Feb 87.3 4.83 97.8 2120 1998 21.60 45.9 1129 85.1
Mar 133.6 8.43 1444 3078 2900 38.48 66.9 162.7 83.7
Apr 173.3 12.31 180.3 3781 3217 55.59 82.3 198.8 743
May 212.4 17.36 215.5 4406 4106 71.79 96.2 241.2 794
Jun 228.5 22.33 228.5 4572 3845 77.14 99.8 242.6 70.1
Jul 237.1 26.91 238.8 4689 4417 81.54 102.3 245.3 77.1
Aug 211.8 26.88 218.9 4312 4067 72.46 94.1 221.0 774
Sep 166.1 21.32 178.3 3595 3390 54.21 78.3 185.2 79.2
Oct 119.8 15.15 134.0 2779 2622 34.35 60.4 144.1 815
Nov 85.6 9.35 99.9 2114 1993 22.18 45.8 112.2 83.1
Dec 69.7 5.05 83.2 1793 1690 15.74 38.8 96.7 84.6
Year 1800.2 14.50 1908.2 39,154 36,049 562.94 852.2 2067.2 78.7

2.5. Simulation by HelioScope Software

HelioScope is a cloud-based PV system design and performance simulation platform
developed by the U.S.-based company Folsom Labs [26]. The software supports the de-
tailed design of grid-connected PV systems by incorporating site-specific geographical in-
formation, such as latitude and longitude, corresponding to the intended installation lo-
cation. When accurate site data are combined with appropriate selection of PV modules,
inverters, and transformers, HelioScope provides detailed forecasts of system perfor-
mance, including expected power output, energy injected into the grid, the number of
modules installed, and array configuration. These outputs allow for a comprehensive
evaluation of the proposed PV system design [78].

In this study, the grid-tied PV system was modeled using HelioScope, which allows
the use of meteorological inputs obtained either from the Turkish State Meteorological
Service (TSMS), offering location-specific climate data for areas such as Yesilova, or from
the Meteonorm database. The selection of these meteorological datasets was governed by
three main criteria: geographical precision, ensuring the TSMS ground station (2 km prox-
imity) accurately captured the site’s micro-climate; methodological benchmarking, using
Meteonorm as a synthetic baseline to evaluate typical modeling uncertainties; and tem-
poral synchronization, ensuring all data corresponded exactly to the 2024 monitoring pe-
riod. By integrating these meteorological datasets with the electrical characteristics of the
selected PV modules and inverters, the software generates detailed performance esti-
mates. Simulation results based on TSMS data reveal that electricity generation reaches its
peak during the summer months, with the highest output recorded in July, followed by
August and June, whereas the lowest energy production occurs in February (Table 4).

Table 4. HelioScope simulation results based on TSMS data.

Global Horizontal Irra- Plane of Array Irradi-  Egia Annual Average PR

Month diance (kWh/m?) ance (kWh/m?) (kWh) (%)
Jan 69.4 77.5 1525.7
Feb 62.1 65.9 1307.8
Mar 130.5 138.5 2662.6
Apr 155.4 158.1 2968.3 76.4
May 191.5 193.7 3541.7
Jun 214.5 2154 3840.4
Jul 226.3 228.6 4005.6
Aug 215.5 220.8 3839.7

https://doi.org/10.3390/en19061468


https://doi.org/10.3390/en19061468

Energies 2026, 19, 1468

18 of 35

Sep 165.4 173.5 3136.6
Oct 124.8 133.8 2483.1
Nov 83.8 93.1 1773.8
Dec 64.1 71.3 1391.7
Total 1703.3 1770.2 32,477

The annual global horizontal irradiance was determined to be 1703.3 kWh/m?,
whereas the irradiance incident on the collector plane reached 1770.2 kWh/m?. Through-
out the operational period from January to December, the cumulative energy supplied to
the grid totaled 32,477 kWh. The estimated average annual PR of the PV system was cal-
culated as 76.4%, surpassing the empirically measured value. Furthermore, the average
operating cell temperature derived from the simulation was 39.1 °C (Table 5), which is
notably lower than the recorded in situ measurement of 42.8 °C.

Table 5. Annual production details by HelioScope.

TSMS Meteonorm
Parameters Description Relative Difference Relative Difference
Output o Output o
(%) (%)
Annual.glob.rsll horizontal 1703.3 1665.8
irradiance
frpadi In-plane irradiance 1770.2 3.9 1705.6 2.4
rraciance Shaded irradiance 1770.2 1705.6
(kWh/m2) ) .
Irradiance after reflection 1705.2 -3.7 1640.9 -3.8
Irradiance after soiling 1671.1 2.0 1608.1 2.0
Total collector irradiance 1671.1 1608.1
Nameplate 40,136.3 38,622.0
Output at irradiance levels 39,847.3 -0.7 38,578.3 -0.1
Output at cell temperature derate  35,376.4 -11.2 34,590.1 -10.3
Energy Output after mismatch 34,378.8 -2.8 33,614.7 -2.8
(kWh) Optimal DC output 34,206.9 -0.5 33,449.6 -0.5
Constrained DC output 34,138.5 -0.2 33,449.6
Inverter output 32,465.7 -4.9 31,810.6 -49
Energy to grid 32,173.5 -0.9 31,544.0 -0.8
Temperature Average operating ambient tem- 177 15.9
°C) perature
Average operating cell temperature  39.1 34.8
Losses

Figure 8 presents the energy loss diagram generated by HelioScope using TSMS-
based meteorological data. As reported in Table 5, thermal-related derating constitutes
the dominant loss mechanism, accounting for 11.2% of the total energy reduction. Optical
losses due to soiling are estimated at 2.0%, while electrical mismatch losses contribute an
additional 2.8%. No energy loss is attributed to shading, as no shading effects were con-
sidered in the system configuration. Losses associated with irradiance-level effects remain
marginal at 0.7%, remaining below the 1% threshold. In addition, inverter conversion re-
sults in a 4.9% efficiency loss, which is in close agreement with both the manufacturer’s
datasheet specifications and the measured performance. Finally, the comparative assess-
ment of TSMS- and Meteonorm-based results presented in Table 5 indicates that simula-
tions driven by TSMS solar irradiance data yield consistently higher energy production
estimates than those derived from Meteonorm datasets.
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Figure 8. HelioScope-TSMS-based system loss diagram.

The closer agreement between the energy yield results derived from TSMS data and
the measured values can primarily be attributed to the temporal differences between the
datasets. While the Meteonorm data used for the Yesilova site are based on an older ref-
erence period (1981-1990), the TSMS dataset relies on more recent climatological normals
covering the 1991-2020 period, which constitutes the main source of discrepancy between
the two datasets. This comparison clearly demonstrates the direct influence of climate var-
iability and long-term changes on energy yield projections.

2.6. Model Validation and Performance Comparison Criteria

The predictive accuracy of the PVsyst and HelioScope models was validated through
a direct empirical comparison with the measured AC energy production from the 24 kWp
system. The validation procedure involved synchronizing the monthly energy yield data
recorded by the inverter monitoring system with the simulation outputs for the period
from January to December 2024. To ensure a high-fidelity comparison and data integrity,
the operational logs were carefully reviewed; periods of recorded grid instability or sched-
uled maintenance were identified to ensure the comparative analysis reflects standard op-
erating conditions. The models were evaluated based on their ability to replicate seasonal
generation trends and the relative percentage deviation between actual and predicted an-
nual yields, providing a transparent benchmark for software performance in Mediterra-
nean climatic conditions.

3. Results
3.1. Weather Data

Hourly wind speed, precipitation, and relative humidity data, along with ten-minute
solar radiation measurements obtained from the Yesilova local meteorological station
throughout the full year of 2024 (January—December), were analyzed. The DC and AC
power outputs of the PV system were recorded via the Huawei FusionSolar cloud plat-
form. For simulation purposes, long-term weather data from Meteonorm were utilized in
PVSyst, while both TSMS and Meteonorm datasets were employed in HelioScope.

In 2024, the highest measured average temperature on site was recorded in July at
24.6 °C, while the lowest average was 2.5 °C in January (Table 6). In contrast to the tem-
perature-dependent losses predicted by simulation software based on historical long-term
averages, the measured losses were derived from actual field conditions. A relatively low
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annual average temperature of 13.3 °C was recorded during 2024, the year the study was
conducted. This low temperature value is attributed to the high number of rainy and
cloudy days, recorded as 88 days. The highest precipitation amounts were recorded in
January (56.6 mm) and December (60.3 mm), whereas the lowest precipitation was ob-
served in August (9.5 mm). This circumstance constitutes the primary reason for the ob-
served discrepancies between the simulated and measured results.

Table 6. On-site recorded meteorological data.

Month Ambient Temperature Wind Speed Relative Humidity Precipitation Amount Number of Pre-

Max Min Mean (km/h) (%) (mm) cipitation Days

Jan 6.7 -0.9 2.5 7.3 78 56.6 11
Feb 8.8 -0.3 3.8 8.8 75 41.2 10
Mar 12.6 1.9 6.8 9.6 68 45.1 10
Apr 17.8 6.1 11.7 9.2 50 42.2 9
May 23.1 10.2 16.5 7.8 56 45.2 10
Jun 28.0 14.0 21.0 7.3 60 29.7 6
Jul 32.0 17.0 24.6 9.5 38 13.0 3
Aug 322 16.9 23.9 8.5 54 9.5 2
Sep 27.9 12.9 20.2 7.6 43 15.6 3
Oct 21.5 8.4 14.5 8.9 59 31.9 6
Nov 14.5 4.1 8.8 9.6 64 36.1 7
Dec 8.5 0.9 4.3 10.3 81 60.3 11

Average 195 7.6 13.3 8.70 60.5 35.53 7.3

3.2. Measured Performance of the Grid-Connected Rooftop PV System

The operational performance parameters of the PV system are categorized in Table
7. The analysis shows that the highest final yield (5.61 h/d), reference yield (7.36 h/d), and
array yield (7.01 h/d) were achieved in July, whereas the maximum PR (83%) was rec-
orded in February.

During the monitoring period, the annual average PR of the system was determined
to be 75.7%. This value corresponds to a higher performance level than those reported for
comparable PV systems. As an example of these studies, Pietruszko and Gradzki [79] cal-
culated the PR of the solar energy system as 60-80% in their study. Similar performance
rates were also obtained in other studies; 74% [80], 76% [81], 77.5% [82], 78% [83], 78,1%
[84] and 79.5% [85] ratios were obtained.

An examination of the individual loss contributions indicates that the thermal cap-
ture loss amounts to 0.31 h/day, while miscellaneous capture losses are estimated at 0.22
h/day. In addition, the overall system loss is evaluated as 0.45 h/day. As presented in Table
7, efficiency- and loss-related parameters are reported as annual mean values expressed
in h/day, whereas energy-related indicators are given as cumulative annual totals. The
negative miscellaneous capture losses observed between May and September are primar-
ily attributed to uncertainties in cell temperature estimation based on a NOCT-derived
methodology, which is known to exhibit limitations under real outdoor operating condi-
tions [24,86]. Moreover, during summer periods characterized by high irradiance levels
and large angles of incidence, potential inaccuracies in plane-of-array irradiance measure-
ments may further exacerbate these discrepancies [87]. In line with previous studies, sev-
eral investigations suggest that miscellaneous capture losses may, in certain cases, assume
negative values within the associated uncertainties, without necessarily implying a phys-
ical performance gain [88,89].
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Table 7. Performance Analysis of a 24 kWp Grid-Connected PV System Based on Measured Data.

ontt Ii:(lj’il:;l:e Yield (h/d) PR msyst Losses (h/d) CF Egrie Edc Eac
Y Yr Ya (%) (%) Lo Lew  Le  Ls (%) (KWh) (kWh/m2d) (KWh/m?d)
(KWh/m2d)
Jan 301 222 301 244 739 1478 003 054 057 022 925 165490  58.66 53.38
Feb 362 299 362 336 87 1654 006 020 026 037 1246 201080  80.69 71.81
Mar 459 364 459 414 793 1586 012 033 045 050 1517 270870  99.29 87.38
Apr 627 474 627 58 756 1512 029 010 039 1.14 1975 341380  135.47 113.79
May 668 519 668 632 777 1553 044 -008 036 1.13 21.63 385810  151.77 124.45
Jun 707 543 707 663 769 1537 059 -015 044 120 22.63 391260  159.05 130.42
Jul 736 561 736 701 762 1525 072 -037 035 140 2338 417360  168.29 134.63
Aug 651 496 651 620 762 1524 062 -031 031 124 2067 368840 14873 118.98
Sep 540 429 540 517 794 1588 044 -021 023 088 17.88 308770  124.00 102.92
Oct 414 306 414 360 738 1476 024 030 054 054 1275 227390 8630 73.35
Nov 374 261 374 297 698 1395 013 064 077 036 1088 1880.60  71.23 62.69
Dec 263 177 263 192 671 1341 005 066 071 015 7.38 131440  46.09 42.40
:;’r‘:ge‘; 509 388 509 464 757 1514 031 022 045 076 1699 283146  110.80 93.02

3.3. Economic Analysis Methodology

All economic calculations were performed in US$. A long-term inflation rate of 2%
was adopted in line with commonly accepted assumptions used by the Federal Reserve
and the International Energy Agency (IEA). Accordingly, nominal discount rates were
employed in the cash flow analysis. A real discount rate of 10% was assumed; therefore,
no additional inflation adjustment was applied to the cash flows. In accordance with the
recommendations of IEA-PVPS and the National Renewable Energy Laboratory (NREL),
an annual PV module degradation rate of 0.5% per year was considered in the analysis.
The project lifetime was assumed to be 25 years. The feed-in tariff was taken as 0.075
US$/kWh in real terms and was assumed to be guaranteed for a period of 10 years. After
the expiration of the tariff warranty period, electricity revenues were estimated based on
prevailing market prices. These assumptions were used to evaluate the long-term eco-
nomic performance and financial viability of the PV system.

3.4. Economic Results

The breakdown of the installation costs for the PV system is presented in Table 8. The
total initial investment was calculated as US$14,014.75, with PV modules accounting for
the largest share of the capital expenditure. Specifically, 60 modules represented an in-
vestment of US$5075, corresponding to approximately 36% of the total system cost. The
costs associated with the mounting structures and the inverter were US$1760 and
US$1387.90, respectively. Additional balance-of-system components, including wiring,
accessories, and the combiner box, constituted essential expenditures to ensure safe, reli-
able, and long-term system operation. Installation and labour costs amounted to US$2640,
representing nearly 19% of the overall investment. The annual operating costs of the sys-
tem are summarized in Table 9. The total operating expenditure was estimated at
US$395.29 per year, covering routine maintenance, repair activities, and provisions for
inverter replacement.

A comprehensive financial evaluation of the PV system is reported in Table 10. Based
on the adopted assumptions, the payback period was calculated to be 8.4 years. The NPV
and IRR were determined as US$4938.75 and 15.58%, respectively, indicating the eco-
nomic feasibility of the proposed installation. Furthermore, the LCOE was calculated as
US$0.0485/kWh, demonstrating that the system is economically competitive with conven-
tional grid electricity. The cumulative cash flow over the project lifetime is illustrated in
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Figure 9, which shows a positive cash flow after the payback period, thereby further con-

firming the long-term financial viability of the investment.

Table 8. Installation costs.

Item

Cost (US$) Total (US$)

CWT400-72PM-BC 84.58 5075.00
Supports for modules 29.33 1760.00
Huawei SUN2000-25KTL-ZHM5-380V 1387.90 1387.90
Accessories, fasteners 15.00 15.00
Wiring 436.85 436.85
Combiner box 2700.00 2700.00
Installation cost 44.00 2640.00
Total 14,014.75
Depreciable asset 7537.90
Table 9. Annual operating costs.
Item Total (US$/Year)
Repairs 216.00
Provision for inverter replacement 92.53
Operating costs (incl. inflation 2.00%/year) 395.29
Table 10. Financial analysis.
Simulation Period
Project lifetime 25 years
Inflation 2.00%/year
Production variation (aging) 0.50%/year
Discount rate 10.00%/year
Own funds 14,014.75 US$
Feed-in tariff 0.0750 US$/kWh
Duration of tariff warranty 10 years
Feed-in tariff decrease after warranty 50%
Payback period 8.4 years
Net present value (NPV) 4938.75 US$
Internal rate of return (IRR) 15.58%
Return on investment (ROI) 35.2%
Cost of produced energy (LCOE) 0.0485 US$/kWh
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Figure 9. Cumulative cashflow (US$).

3.5. Environmental Impact

Over the operational lifetime of the PV system, a net reduction of approximately 298
tCO:z in greenhouse gas emissions is achieved. The emissions associated with the manu-
facturing, installation, and operational phases of the system were estimated to be 38.01
tCOz, whereas the emissions avoided through electricity generation amounted to 369
tCOz. Considering an annual energy production of 37.74 MWh and a grid emission factor
of 489 gCO2/kWHh, these results demonstrate that the system provides a substantial contri-
bution to greenhouse gas mitigation and underline the environmental benefits of grid-
connected PV systems, in accordance with the sustainability objectives of renewable en-
ergy deployment.

3.6. Comparison of Measured Performance with Simulated Values

Figure 10 illustrates the daily total plane-of-array (POA) solar irradiance alongside
the measured and long-term average ambient temperatures. Comparative results indicate
that the measured ambient temperatures are consistently lower than the Meteonorm-de-
rived data generated by PVsyst. The temperature deviations range from a minimum of
0.5 °C in November to a maximum of 2.98 °C in August. Conversely, excluding the first
quarter (January—March), no significant discrepancies were observed between the meas-
ured data and the HelioScope estimates based on TSMS data. The deviation between He-
lioScope and measured values reached its minimum in December (0.05 °C) and its peak
in March (1.42 °C).
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Figure 10. Monthly Average Measured and Long-Term Air Temperature.

The comparison of measured, PVsyst, and HelioScope plane-of-array global solar ir-
radiance values reveals that all datasets exhibit a consistent and pronounced seasonal
trend throughout the year (Figure 11). For all methods, the lowest POA irradiance values
occur during the winter months, particularly in December and January, whilst the highest
values are recorded during the summer period, mainly between June and July. Based on
the measured data, the annual maximum POA irradiance was observed in July, reaching
7.46 kWh/m?-d, whereas the corresponding values obtained from PVsyst and HelioScope
were 7.70 kWh/m?-d and 7.38 kWh/m?-d, respectively. These results indicate that both sim-
ulation tools are generally capable of adequately representing high-irradiance summer
conditions.

| Measured | PVsyst 1 HelioScope

Jan Feb Mar Apr May Jun July Aug Sep Oct Nov Dec
Month

Figure 11. Comparison of measured and long-term average monthly in-plane irradiance.

In contrast, more pronounced discrepancies between the simulated and measured
values are observed during the winter months. For instance, in January, the measured
POA irradiance amounted to 3.01 kWh/m?-d, while PVsyst and HelioScope underesti-
mated this value by approximately 5.3% (2.85 kWh/m?-d) and 17.0% (2.50 kWh/m?2-d), re-
spectively. A similar trend was identified in December, when the measured POA
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irradiance of 2.85 kWh/m2.d was compared with PVsyst (2.68 kWh/m?-d) and HelioScope
(2.30 kWh/m?-d) outputs. These findings suggest that HelioScope, in particular, tends to
systematically underestimate POA irradiance under winter conditions.

During the spring season (March—-May), the agreement between simulated and meas-
ured values improves noticeably. In March, the measured POA irradiance was 4.91
kWh/m?2-d, while PVsyst and HelioScope yielded 4.66 kWh/m?d and 4.47 kWh/m2-d, cor-
responding to deviations of approximately 5.1% and 9.0, respectively. In April, the meas-
ured value of 6.28 kWh/m?-d was closely reproduced by PVsyst (6.01 kWh/m?-d), whereas
HelioScope provided a lower estimate of 5.27 kWh/m2-d. In May, PVsyst slightly overes-
timated the measured irradiance (6.74 kWh/m?-d) by about 3.1%, while HelioScope un-
derestimated it by approximately 7.3%. Overall, these results demonstrate that PVsyst
provides a more consistent representation of measured POA irradiance during the spring
months.

In the summer period (June—August), both simulation tools show good agreement
with the measured data, although a tendency toward overestimation is observed in cer-
tain months. In June, the measured POA irradiance of 7.40 kWh/m2-d was overestimated
by PVsyst (7.62 kWh/m?-d, +3.0%) and slightly underestimated by HelioScope (7.18
kWh/m?2d, -=3.0%). In August, the measured value of 6.66 kWh/m?2-d was exceeded by both
PVsyst (7.06 kWh/m?-d) and HelioScope (7.13 kWh/m?-d), corresponding to overestima-
tions of approximately 6.0% and 7.1%, respectively. These discrepancies may be attributed
to limitations of long-term meteorological datasets in capturing short-term local atmos-
pheric effects, such as precipitation events or transient cloud cover, which are more fre-
quent during summer months.

During the autumn season (September—November), the simulated values again con-
verge toward the measured data. In September, the measured POA irradiance of 5.40
kWh/m?-d was overestimated by PVsyst (5.94 kWh/m?-d) and HelioScope (5.78 kWh/m?-d)
by approximately 10.0% and 7.0%, respectively. In October, the measured value (4.56
kWh/m?-d) was identically estimated by both simulation tools at 4.32 kWh/m?-d, resulting
in a deviation of about 5.3%. In November, the measured POA irradiance (3.74 kWh/m2-d)
was underestimated by PVsyst (3.33 kWh/m?d, —-11.0%) and HelioScope (3.10 kWh/m?-d,
-17.1%).

Overall, PVsyst demonstrates closer agreement with the measured POA irradiance
values throughout the year compared to HelioScope, particularly during the spring and
summer seasons, where lower deviations are observed. HelioScope, on the other hand,
exhibits a more pronounced underestimation tendency during winter months. These dif-
ferences can be primarily attributed to variations in the meteorological data sources (Me-
teonorm and TSMS), data resolution, and the irradiance transposition and modeling ap-
proaches employed by each simulation tool. The results clearly highlight the importance
of validating long-term meteorological datasets with site-specific measurements, espe-
cially when conducting monthly and seasonal performance assessments of PV systems.

The monthly average measured and simulated energy supplied to the grid, together
with system losses, are presented in Figure 12. When the measured energy production
data are compared with the Meteonorm-based PVsyst and HelioScope simulation results,
all three datasets exhibit a consistent seasonal pattern characterized by an increase in en-
ergy production from winter to summer followed by a gradual decline. The measured
energy output increases from 1654.9 kWh in January to a maximum of 4173.6 kWh in July
and decreases to 1314.4 kWh in December. For the corresponding months, PVsyst esti-
mates 1804 kWh, 4417 kWh, and 1690 kWh, while HelioScope estimates 1389 kWh, 4009
kWh, and 1225 kWh, respectively. Despite differences in absolute values, both simulation
tools successfully capture the annual variation in energy production.
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Figure 12. Monthly Average Measured and Simulated Energy Supplied to the Grid.

The annual measured energy yield is approximately 34.3 MWh, whereas PVsyst and
HelioScope estimate annual productions of 36.3 MWh and 32.6 MWh, respectively. Ac-
cordingly, PVsyst overestimates the measured production by approximately 2.0 MWh (5-
6%), while HelioScope underestimates it by about 1.7 MWh (5%). The fact that the meas-
ured value lies between the two simulated results suggests that the Meteonorm-based
modeling approach provides a reasonable representation of the actual site conditions.

An analysis of monthly deviations indicates that PVsyst tends to generate higher pro-
duction estimates, particularly during late summer and winter months. For instance, in
August, the measured production of 3688.4 kWh is exceeded by the PVsyst estimate of
4067 kWh, resulting in a difference of 379 kWh, while in October this deviation reaches
348 kWh. In contrast, the discrepancy in June is limited to 68 kWh, indicating a closer
agreement during mid-summer. HelioScope, conversely, produces generally more con-
servative estimates, with pronounced underestimations observed in February (526 kWh)
and April (411 kWh), whereas a very close agreement is achieved in September (23 kWh).

From a seasonal perspective, the measured energy production during the summer
period (May-August) amounts to approximately 15.6 MWh, compared to 16.6 MWh esti-
mated by PVsyst and 15.3 MWh by HelioScope. During the winter period (December—
February), the measured total production is approximately 5.0 MWh, while PVsyst and
HelioScope predict 5.5 MWh and 4.1 MWh, respectively. These results indicate improved
agreement between measured and simulated data during summer months, whereas
larger deviations occur in winter due to increased meteorological uncertainty.

Overall, both PVsyst and HelioScope demonstrate acceptable accuracy in represent-
ing system performance. However, PVsyst exhibits a tendency to overestimate energy
production, particularly in August and December, whereas HelioScope adopts a more
conservative approach, especially in February and April. Consequently, PVsyst appears
more suitable for upper-bound performance assessments, while HelioScope is better
suited for conservative evaluations and financial risk analyses.

The measured and simulated performance parameters of the 24 kWp grid-connected
PV system are presented in Table 11 to enable a direct comparison.
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Table 11. Comparison of Measured and Simulated Performance of a 24 kWp Solar PV System.

Parameters

PVSyst HelioScope Relative Deviation * (%)
Meteonorm TSMS Meteonorm  Measured
(@) (b) (o)
(a) (b) (0)

Annual global horizontal

irradiance (KWh/m?) 1800.2 1703.4 1665.8 1603.7 12.3 6.2 3.9
In-plane irradiance (kWh/m?) 1908.2 1770.2 1705.6 1864 24 5.0 8.5
Effective irradiance 220950 206,810 200,560 223,680 12 7.5 103

on the collector plane (kWh)
PV efficiency at STC (%) 20.02 20.02 20.02 20.06 0.2 0.2 0.2
Array nominal energy at STC (kWh) 44,240 41,400 40,140 44,870 1.4 7.7 10.5

PV loss (%)

Irradiance loss 0.6 0.7 1.2 1.8 66.7 61.1 33.3
Mismatch loss 2.1 2.8 2.8 2.0 5.0 40.0 40.0
Soiling loss 3.0 2.0 2 2.5 20.0 20.0 20.0
Ohmic loss 1.4 0.5 1 1.8 22.2 72.2 444
Temperature loss 4.1 11.2 8.5 10.8 62.0 3.7 21.3
Inverter loss (%) 52 4.9 4.9 5.4 3.7 9.3 9.3
Energy to grid (kWh) 36,049 32,173.5 31,544 33,977.5 6.1 5.3 7.2
PR (%) 78.7 76.4 77.1 75.7 4.0 0.9 1.8

* Absolute relative deviation calculated as (| Measured - Simulated | /Simulated) = 100.

4. Discussion

In this study, the performance of a 24 kWp grid-connected rooftop PV system in-
stalled in Yesilova was monitored throughout the year 2024. The annual performance pa-
rameters were empirically measured and subsequently compared with simulation data
generated via PVSyst and HelioScope software. Regarding energy yield analysis, the He-
lioScope simulation supported by TSMS data demonstrated the highest degree of congru-
ence with the actual production values. Conversely, significant deviations were observed
when utilizing the Meteonorm dataset; specifically, PVSyst overestimated the annual total
energy yield by 5.74%, whereas HelioScope exhibited an underestimation of 7.18%.

The observed discrepancies between PVsyst and HelioScope suggest that the ‘mod-
eling gap’ is not merely a software limitation but is deeply linked to the sensitivity of
algorithms and numerical solvers to local meteorological inputs. Specifically, the diver-
gence in winter performance predictions (e.g., the 17.1% deviation in January) can be at-
tributed to how different transposition models handle diffuse radiation at low sun angles.
According to the foundational daylight and irradiance component models proposed by
Perez et al. [90] and the extensive model validations for tilted planes conducted by
Ineichen [91], the choice between anisotropic (Perez) and isotropic (Hay) sky models sig-
nificantly impacts the estimation of circumsolar and horizon brightening components.
This variation is further compounded by the different ‘numerical solvers’ used for inci-
dent angle modifier (IAM) calculations and the empirical ‘u-value’ thermal loss coeffi-
cients, which dictate how each software interprets convective cooling under fluctuating
local wind speeds. Furthermore, the convergence criteria of the software’s internal energy
balance engines and their handling of hourly vs. sub-hourly time steps influence the ac-
curacy of clipping and shading losses. The overestimation in PVSyst likely stems from its
idealized spectral loss model, which may not fully capture the local atmospheric aerosol
levels in the Yesilova region compared to the ground-measured TSMS data.

In terms of the PR, the recorded annual value of 75.7% confirms that the system'’s
component efficiency and operational quality align with global standards. This ratio sig-
nificantly outperforms reported yields from various geographies, including Ireland (54.0-
60.0%), Greece (67.36%), and Indonesia (60.0%). Although the observed PR is slightly
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lower than specific high-efficiency studies focusing on advanced technologies, such as bi-
facial modules, in Portugal (85.5%) and the USA (84.0%), the results remain near the upper
threshold of the internationally accepted 60-80% range for grid-connected PV systems.

The correlation between energy production and PR data reveals that the higher re-
sults produced by simulation tools (PVSyst: 78.7%; HelioScope: 77.1%) relative to the
measured PR are consistent with the ‘idealized loss modeling’ trend. This tracking error
between simulation and reality is primarily driven by the component models for thermal
loss. While simulations often assume a constant heat loss coefficient, the empirical data
shows that dynamic wind-driven cooling and the specific mounting geometry of the roof-
top installation create non-linear thermal behaviors that standard NOCT-based models
fail to interpret fully during peak summer months. Notably, the fact that HelioScope
achieved a marginal deviation of only 1.85% from the empirical data indicates its superior
capability in accurately modeling local thermal losses and system-specific technical vari-
ables. Consequently, the annual energy output, bolstered by a high PR, validates that the
Yesilova region possesses significant techno-economic potential for solar energy invest-
ments.

The key performance outcomes of the 24 kWp grid-connected PV system are sum-
marized as follows:

e  Generation variability: The system exhibited significant seasonal variation, reaching
a peak monthly energy production of 4173.60 kWh in July 2024, whereas the mini-
mum output was recorded in December 2024 at 1314.40 kWh.

¢  Yield parameters: The annual average daily array yield was determined to be 4.64
h/d, operating against a reference yield of 5.09 h/d.

e  Efficiency metrics: The PV installation demonstrated robust performance with an an-
nual PR of 75.7% and a CF of 16.99%.

e Loss analysis and interpretation: System losses remained within optimized limits,
and the specific breakdown of annual loss components —including thermal capture
losses, miscellaneous capture losses, and inverter-related efficiencies—is presented
in detail in Table 11. The various negative capture losses (Lcm) shown in Table 6, ob-
served during the summer months, are primarily attributed to the inherent limita-
tions and measurement uncertainties of thermal modeling. Specifically, NOCT-de-
rived temperature estimation algorithms often fail to fully capture dynamic convec-
tive cooling effects in the Mediterranean climate, while potential inaccuracies in
plane-of-array irradiance measurements during peak solar periods can introduce
mathematical deviations [87,88]. Furthermore, the interpretation of these differences
reveals that inverter efficiency models in simulations often overlook low-load effi-
ciency drops during early morning and late evening time steps, leading to a minor
over-prediction of conversion efficiency.

e  Simulation deviation and practitioner benchmarking: Comparative analysis revealed
that utilizing Meteonorm data led to diverging results; PVSyst overestimated the an-
nual yield by 5.74%, while HelioScope underestimated it by 7.18%. We have ex-
panded our analysis to interpret these software discrepancies as a “benchmarking
reference” for practitioners to balance computational burden with predictive reliabil-
ity, emphasizing that high-fidelity models must prioritize site-specific TSMS data
over synthetic datasets.

e  Data source reliability: The energy yield predictions generated by HelioScope using
TSMS-derived meteorological data showed the highest degree of convergence with
the actual measured values.

e  Global benchmarking: The recorded PR of 75.7% validates that the system’s compo-
nent efficiency and operational quality are consistent with high-tier international
standards.
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Software validation and PR correlation: The higher PR estimates provided by PVSyst
(78.7%) and HelioScope (77.1%) align with the “idealized loss modeling” trend prev-
alent in existing literature.

Model accuracy: HelioScope demonstrated superior modeling accuracy for this spe-
cific site, with a marginal 1.85% deviation from the measured PR. This suggests that
HelioScope’s internal numerical solvers for thermal variations and its specific com-
ponent models for the selected inverter-module pair were better calibrated for the
local climate than PVSyst’s default parameters.

5. Conclusions

This study develops a comprehensive decision-support framework and benchmark-

ing protocol for PV energy modeling that systematically evaluates the trade-offs between

model complexity and predictive accuracy relative to defined acceptance criteria. Based

on the one-year empirical monitoring of the 24 kWp system in Yesilova, the following

conclusions are drawn:

Quantitative performance and benchmarking: The system demonstrated high oper-
ational reliability with an annual energy yield of 33,977.5 kWh, an average PR of
75.7%, and a CF of 16.99%. These results align with high-tier international standards
and validate the region’s solar potential. Comparative analysis showed that while
HelioScope (using TSMS data) achieved a marginal PR deviation of only 1.85%, the
use of synthetic Meteonorm data led to discrepancies of +5.74% in PVSyst and -7.18%
in HelioScope, highlighting the critical importance of site-specific meteorological in-
puts over generalized datasets.

Study limitations: Despite the robust validation, this study is subject to certain limi-
tations. While irradiance was recorded at 1-min intervals, the reliance on hourly-av-
eraged data for long-term simulations may not fully capture sub-minute irradiance
volatility affecting real-time inverter efficiency. Additionally, standard thermal loss
modeling (NOCT-based) struggled to account for non-linear convective cooling dur-
ing high-wind summer periods in the Mediterranean climate, which remains a key
source of modeling uncertainty.

Risk mitigation and policy implications: By explicitly quantifying uncertainty in en-
ergy yield estimations, the framework not only supports technical model selection
but also contributes to reducing financial risk exposure in distributed generation in-
vestments. From a policy perspective, improving predictive reliability is critical for
enhancing investor confidence, refining feed-in tariff structures, and informing risk-
adjusted return calculations central to bankability assessments.

Future research directions: Logically following these results, future work will focus
on high-frequency (1-s) measured-profile validation to interpret power quality indi-
cators and ramp-rate reduction. Furthermore, integrating battery energy storage sys-
tems (BESSs) and applying advanced machine learning for real-time fault detection
are proposed to enhance grid stability and participation in ancillary service markets.
Detailed parameter sensitivity analysis (targeting albedo and soiling) and uncer-
tainty quantification of sensor-to-model propagation are essential to refine the pre-
dictive reliability of digital twin models.

Overall, the integration of physics-based simulations, data-driven intelligence, and

techno-economic evaluation provides a scalable foundation for evidence-based energy

policy development. By linking modeling precision with financial risk mitigation and

grid-level performance, this study supports more resilient, transparent, and economically

sustainable PV deployment strategies.
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Abbreviations

The following abbreviations are used in this manuscript:

AEP Annual energy produced

Avpv Total area of PV array (m?)

BESS Battery energy storage systems
CAPEX  Capital expenditures

CF Capacity utilisation factor (%)

Eac AC energy output (kWh)

Edc DC energy output (kWh)

Egrid Energy supply to the grid (kWh)
EMRA Energy Market Regulatory Authority
EU European Union

GHI Global horizontal irradiance

h/d Hour/day

IAM Incidence angle modifier

1IEC International Electrotechnical Commission (IEC 61724-1)
IEA International Energy Agency

IRR Internal rate of return

LCCA Life-cycle cost analysis

LCE Levelized Cost of Energy

LCOE Levelized cost of energy

MENR Ministry of Energy and Natural Resources
MPPT Maximum power point tracking

NOCT Nominal operating cell temperature

NPV Net present value

NREL National Renewable Energy Laboratory
POA Plane of Array

PR Performance ratio (%)

Prated Rated power of PV system (kWp)

PVPS Photovoltaic Power Systems Programme
ROI Return on investment

STC Standard test condition

TSMS Turkish State Meteorological Service
Ya Array yield (h/d)

YEKA Renewable Energy Resource Zone

Yf Final yield (h/d)

Yr Reference yield (h/d)
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